NOMENCLATURE

A. Indices
Index of generating units.
Index of wind speed distribution intervals.
Index of load distribution intervals.
Index of irradiance distribution intervals.
Index of intervals of the aggregated uncertainty distribution and the final combined distribution.
Index of optimization period.
B. Variables
1) Binary Variables
1 if WT, PV, and load uncertainties during period cause loss of load and 0 otherwise. Probability and corresponding power deviation when the th interval of the final combined distribution caused by uncertainties and the second and higher order outage events is selected.
Maximum output power of unit .
System forecast load during period .
Reserve bid price of unit during period .
Ramp up rate of unit .
Startup cost of unit .
Number of optimization periods.
Unreliability or ORR of unit .
Amount of time available for the generators to ramp up their output to deliver the reserve generation.
In this paper, the outage events are classified by outage order. Superscript "0" of a variable represents that this variable corresponds to zero order, i.e., all synchronized units are operating without any outage; superscript "1" corresponds to the first order outage, i.e., outage of one unit; superscript "2" corresponds to the second order outage, i.e., simultaneous outage of two units; superscript "01" corresponds to the combined zero order and first order outage events. Superscript " 1" corresponds to the second and higher order outage events. An index of distribution intervals in the subscript of a variable means that this variable corresponds to the event whose distribution interval is selected. The usage of " " is similar to the usage of indices of distribution intervals.
I. INTRODUCTION
I
N the last decade, with the penetration of distributed generation (DG), microgrids are becoming more and more attractive in modern distribution networks. Microgrids can be defined as entities which include low voltage networks, loads, energy storage systems (ESSs), and several small modular generation systems, providing both heat and power. Microgrids can reduce carbon emissions, improve power quality, enhance local reliability, lower costs of energy supply, and defer traditional system expansion [1] - [3] .
Sound operation of a microgrid requires an energy management strategy. The energy management strategy should accommodate both short-term power balancing and long-term power balancing. Maintaining an appropriate level of spinning reserve (SR) is one of the most important aspects of energy management [4] .
SR is the unused capacity of the power system to respond voluntarily to contingencies within a given period of time using the already synchronized devices [5] . It is an important resource which can safeguard power systems without involuntary load shedding. Increasing the SR requirement can reduce the probability and severity of loss of load. However, providing SR has a cost because additional units may be committed and other units may operate less than their optimal output. Many methods have been proposed to determine the SR requirement in large power systems.
Traditionally, deterministic rules are used [6] . The SR requirement is set as the capacity of the largest online unit or a fraction of the load or their combination. Although this approach is easy to implement, it considers neither the stochastic nature of system behavior and component failures nor the economics.
Various probabilistic approaches have been developed for optimizing SR. Reference [7] is the first to optimize the probabilistic SR requirement in a unit commitment (UC) problem. This approach postprocesses the UC schedule to compute the level of system risk. If the risk is not within a pre-specified target, the SR requirement is adjusted and the UC runs again. References [8] and [9] optimize the SR requirement by solving a reliability-constrained UC problem. The constraints that the reliability metrics, such as loss of load probability (LOLP) and/or expected energy not supplied (EENS), must be below a predefined threshold are incorporated. But it is difficult to design a sophisticated reliability metric ceiling for different power systems.
References [10] and [11] optimize the SR requirement by a tradeoff between reliability and economics. This approach avoids the arbitrary selection of the risk ceiling. However, [10] assumes that the reserve market is independent of the energy market. Ignoring the coupling that exists between the energy and the reserve scheduling may lead to suboptimal or infeasible results. In [11] , the preprocessing is based on a time-decoupled UC problem which could lead to a suboptimal solution.
It is not straightforward to estimate the SR requirement in microgrids. The flexibility and usability of microgrids to provide SR depend on their composition, i.e., the mix of different sources. Besides, the intermittent output power of nondispatchable DG units such as wind turbines (WTs) and photovoltaics (PVs) introduces a significant uncertainty into microgrids. It is a complex problem to decide the SR amount in microgrids and this problem has not been investigated.
In this paper, a probabilistic method for estimating the SR requirement for a day-ahead scheduling model is proposed. The optimal SR requirement is determined by a tradeoff between reliability and economics. In order to reduce the computation burden, various uncertainties are aggregated. A multi-step method is proposed to manage the combinatorial characteristic of unit outage events elaborately.
II. PROBABILISTIC LOAD, WT, AND PV MODELS
A. Probabilistic Load Model
The load forecasting uncertainty in a microgrid can be derived from historical data. Similar to large power systems, a sevenstep normal distribution model is used [6] . Due to the increased load forecasting error at the microgrid level, a relatively large standard deviation should be used.
B. Probabilistic WT Model
WT power output varies according to wind speed. WT units are treated as nondispatchable units and they do not provide SR. Prior research [12] , [13] has shown that the wind speed profile at a given location most closely follows the Weibull distribution. So in this paper, we assume that wind speed is subject to the Weibull distribution with forecasted wind speed as its mean value.
The probability density function (PDF) of wind speed which is described by the Weibull distribution is given by (1) where , and represent wind speed (m/s or miles/h), shape factor (dimensionless) and scale factor (it shares the unit of ) respectively.
For simplicity, the wind speed distribution will be truncated and discretized. For each period, the wind speed's random variable will be normalized by the mean speed of the Weibull distribution,
. The truncated point can increase from in a fixed step until the overwhelming majority of the distribution is encompassed.
After truncation, the distribution can be divided into discrete intervals; the number of which depends upon the accuracy desired. The probability of every interval can be easily calculated by integration. An indicative 5-interval wind speed distribution is shown in Fig. 1 .
Given the wind speed distribution and the speed-to-power conversion function, the WT power distribution can be obtained. In this paper, the speed-to-power conversion function [14] is: (2) where , , , and represent WT output power (kW), rated power, cut-in wind speed, rated wind speed and cut-out wind speed respectively.
C. Probabilistic PV Model
The output of PV mainly depends on irradiance and they are nondispatchable. The distribution of hourly irradiance at a particular location usually follows a bimodal distribution [13] , [15] , which can be seen as a linear combination of two unimodal distribution functions [16] . The unimodal distribution functions can be modeled by Beta, Weibull and Log-normal PDFs [15] . Here the Weibull distribution is used.
(3) where is irradiance ; is a weighted factor; and are shape factors; and and are scale factors. Similar to the wind speed distribution model, the irradiance distribution can also be truncated and discretized. An indicative 5-interval irradiance distribution is shown in Fig. 2 .
Given the irradiance distribution and irradiance-to-power conversion function, the PV power distribution can be obtained. The irradiance-to-power conversion function used in this paper is similar to that in [17] : (4) where is the PV output power (kW); is the efficiency (%) and is the total area of this PV .
III. PROBLEM FORMULATION
Microgrids can operate in isolated or interconnected mode. In isolated mode, the aim is to minimize the total cost. In interconnected mode, the aim is to maximize profit which is equal to revenue minus cost [18] . In this paper, only the interconnected mode is considered as the isolated mode treatment can be similarly down.
A. Mathematical Model
In interconnected mode, the objective function is stated as (5) The first term of the objective function is the total revenue. The second term is the operating cost which includes running cost and startup cost. The running cost function can be represented by a linear or piecewise linear function. The third term is the reserve cost. The final term is the expected interruption cost which is equal to value of lost load (VOLL) multiplied by EENS. VOLL represents the average value that consumers place on the accidental loss of 1 kWh of electricity and it is usually estimated via consumer surveys [19] . The formulation of EENS is shown in the next subsection.
In the objective function, operating cost, reserve cost, and the expected interruption cost are conflicting objectives. When the SR amount increases, the operating cost and reserve cost increases while the expected interruption cost decreases. The optimization automatically determines the required SR amount based on an internal cost/benefit analysis.
The objective function must be maximized subject to a number of constraints. The LOLP constraint based on the proposed LOLP formulation shown in the next subsection is (6) where is the LOLP of period ; and is the maximum allowable LOLP of period . The LOLP constraint is treated as an additional security constraint and it can be inactivated by setting a large enough LOLP cap.
The power balance constraint is
The spinning reserve constraint is (8) Besides, each generating unit is subject to its own operating constraints, which include the upper and lower generation constraints, minimum up-and down-time constraints, initial condition constraints, and ramp-up and ramp-down constraints.
ESSs such as battery banks are taken as special dispatchable units which have the ability to absorb energy. An ESS should satisfy the following constraints [20] : (9) (10) (11) (12) (13) where is the output power during period ; is the maximum allowable charge/discharge limit; is the discharging efficiency;
is the time duration of each period; is the energy stored in ESS until period ; and are starting and ending energy; and and are maximum and minimum allowable energy stored in ESS.
The upstream grid is also taken as a special dispatchable unit which has the ability to absorb energy. Its capacity is the available combined capacity of tie lines or distribution lines. Its bid price is the forecast market price. Its reliability is the combined reliability of the upstream grid and the tie lines.
B. Formulations of EENS and LOLP
If unit commitment variables such as unit statuses and power outputs are known, EENS and LOLP can be easily calculated based on the convolution of the capacity outage probability table (COPT) and a given load curve [6] .
If the unit commitment variables cannot be determined a priori, EENS and LOLP can be explicitly formulated by unit commitment variables based on every possible event [8] : (14) (15) where is the set of possible loss of load events due to uncertainties and/or unit outages; and , , and represent probability, power curtailment, and reserve curtailment under event during period , respectively. The binary variable satisfies (16) In this paper, only WT, PV, and load uncertainties and unit unreliability are considered. The effect of networks and market price uncertainties are not taken into account.
is 1 h. According to (14) , EENS can be explicitly formulated as shown below. For formulation simplicity, EENS caused by third and higher order outage events are not shown: (17) where , , and are caused by WT, PV, and load uncertainties with zero, the first and the second order outage events, respectively. In (17): (18) (19) (20) where is the number of WT units; is the wind-topower conversion function; and and are the forecast wind speed and the wind speed value at the truncated point of the th WT unit during period . is the load standard deviation. In (18) , the first term in the square bracket means the forecast value. The second term means the actual value under a possible event.
, , and are all forecast errors. It is assumed that the uncertainties of WT, PV and load are uncorrelated and the forecast errors can be added up. 
C. Linearization of EENS and LOLP
For short-term operation studies, outage replacement rate (ORR) is used to compute EENS and LOLP. In this paper, a two-state model is used to represent the reliability and unreliability of generating units. It is assumed that unit failures are exponentially distributed and the time to repair is so long that repairs can be ignored. It is also assumed that during the entire optimization period, if a unit fails, it will not be available for the subsequent periods. The unreliability or ORR of unit during each optimization period is given by [6] ( 24) where is the failure rate of unit .
The probabilities , , and can be formulated as [8] (25)
The configurations of these probabilities are highly nonlinear. One way to limit computational complexity is to replace the higher order terms in the product expansions of these probabilities by upper bounds [8] , [21] . This means that the rightmost terms in (25)-(27), namely, the products of a series of probabilities, are neglected. The outage probability simplification is used in the first step of the proposed multi-step method.
Then EENS and LOLP can be formulated as the summation of the product of some binary variables and a bounded continuous variable, which can be linearized [8] . After EENS and LOLP are linearized, mixed integer linear programming (MILP) can be used to solve the model.
IV. AGGREGATION OF UNCERTAINTIES
From (17) and (23), one sees that with the introduction of uncertainties, the calculation dimension increases times and the computation burden is heavily increased. However, the probability and corresponding power deviation caused by uncertainties are independent of dispatchable unit statuses and they are all known. Before optimization, various uncertainties can be combined and rounded to an aggregated uncertainty distribution. The procedure of aggregation is described as follows.
Firstly, the number of intervals of the aggregated uncertainty distribution is defined by the user. Secondly, for each set of , a combined power deviation value and a combined probability are mapped. The largest power deviation is selected. The aggregated uncertainty distribution is centered at zero. The length of every interval is computed by . Thirdly, for every set of , if falls in an interval of the aggregated uncertainty distribution, will be added in the same interval, too. The formulation of EENS is changed from (17) to (28)
For
, it satisfies
, can be presented in the same way. Similarly LOLP can also be reformulated.
V. ESTIMATING EENS AND LOLP BY MULTI-STEP METHOD
During optimization, the computational complexity exists mainly in calculating EENS and LOLP. The computation intractability is composed of the increased dimension caused by introduction of uncertainties, nonlinear characteristics of probabilities, and combinatorial characteristic of outage events. Just as described above, all uncertainties are combined into an aggregated uncertainty distribution. The outage probabilities are simplified by omitting higher order terms.
The combinatorial characteristic of outage events increases the computation burden significantly. In an attempt to overcome this deficiency, [7] and [10] calculate EENS based on decoupled energy and reserve scheduling. In [11] when estimating EENS in the preprocessing procedure, inter-temporal constraints are not considered. These two methods will cause suboptimal results. Reference [22] mitigates the computational burden by considering only a few significant events. However, this method cannot guarantee that the entire spectrum of unreliability is captured.
Compared with the expected interruption cost, the operating cost is more dominant. Compared with the first order outage events, the second and higher order outage events consume most of the computation resources, but usually contribute a small proportion in the total cost. Whether or not to consider second and higher order outage events would not cause drastic changes for all unit commitment variables. This observation underpins the proposed multi-step method.
In the proposed multi-step method, the mathematical formulations are the same in each step, except for the formulations of EENS and LOLP.
In the first step, when calculating EENS as part of the optimization run, the second and higher order outage events are not considered. EENS used in step one is formulated as (30) Based on exogenous unit commitment variables of the optimization run, a COPT is established for each optimization period in which only the second and higher order outage events are considered.
In the second step, the COPT obtained by step one is combined with the aggregated uncertainty distribution and a final combined distribution can be achieved. The final combined distribution is used to calculate EENS and LOLP caused by uncertainties and second and higher order outage events. For computation simplicity, the final combined distribution will be rounded by a fixed rounding increment, a treatment similar to that of COPT [6] . In step two, EENS caused by uncertainties and zero and first order outage events, i.e., and , are the same as that in step one. EENS caused by uncertainties and the second and higher order outage events, i.e.,
, is calculated based on the final combined distribution. In step two, when calculating the products of series of probabilities in (25)-(27), In (33), is the EENS value computed during optimization. It is calculated by (31).
is the EENS value computed after optimization. It is calculated using the optimization results based on COPT [6] . is the convergence tolerance. If (33) is satisfied, the optimization procedure will stop. Otherwise, similar to step two, new final combined distributions are formed based on the results of the last step and EENS and LOLP are updated. A new step is implemented until (33) is satisfied: (33) A flow chart of the proposed method is shown in Fig. 3 . The proposed method replaces the combinatorial characteristic of outage events by their equivalent piece-wise linear characteristic until the convergence criterion in (33) is satisfied. The computation efficiency is greatly improved. 
VI. CASE STUDIES
To set up a study case, a hypothetical microgrid is used in this paper. The load profile and energy price are derived from [18] . They are shown in Figs. 4 and 5.
Four DG units are installed in this microgrid: a WT, a PV, a fuel cell (FC), and a microturbine (MT). The microgrid which includes an ESS is connected to the upstream grid. It can be seen as a six-unit system. Table I summarizes their parameters. Here a linear bidding production cost function is used. The bid offer coefficients of DG units are derived from [18] . For the ESS, is 20 kW; is 0.9; and , , , and are 180, 180, 100, and 260 kWh, respectively. The load standard deviation is 0.08; is 10 $/kWh; and is 0.005. is 0.4 cent/kW, is 10 min, and is 0.005. The average hourly wind speed and irradiance shapes of WT and PV taken from [23] 
for all hours. For the aggregated uncertainty distribution, is used. For the final combined distribution, the fixed rounding increment is 5 kW. An indicative combinatorial distribution of WT, PV, and load uncertainties at hour 12 is shown in Fig. 8 . The corresponding aggregated uncertainty distribution is shown in Fig. 9 . 
VII. SIMULATION RESULTS
A. Simulation Results of the Six-Unit System
After optimization in step one is implemented, for each optimization period, a COPT is established in which only second and higher order outage events are considered. The distribution of unreliability of units based on COPT at hour 12 is shown in Fig. 10 . Combined with the uncertainty distribution described in Fig. 8 , the final combined distribution is shown in Fig. 11 .
After the second step, is 0.070% and the convergence criterion is satisfied. The itemizations of cost and EENS are shown in Table II . In the rightmost column of Table II, the optimal results are calculated using (28) considering uncertainties, the first and the second order outage events. The third and higher order outage events have little effect on the accuracy of the results.
The optimal SR is shown in Fig. 12 . The maximum available SR, namely , is also given. The corresponding LOLP is given in Fig. 13 .
From Table II , one sees that step two improves the results of step one. The results of step two are nearly the same as the optimal results but with much less processing time. The proposed method captures the entire unreliability efficiently.
In Fig. 12 , the optimal SR during hour 1-8 is relatively small compared with that in other hours. This is mainly caused by the low load level. During hours 11-16, 21 and 23, the optimal SR reaches or nearly reaches the maximum available reserve. At these hours, the SR resource is relatively tight. From Fig. 13 , one can find that at these hours, the LOLP level is relatively high.
The model is coded in GAMS [24] and solved using a largescale MILP solver CPLEX 11.2 combined with Visual C. The CPU solution time was recorded on a Windows-based server with 2.6-GHz processors and 3.3 G bytes of RAM using a prespecified duality gap of 0.1%.
B. Simulation Results of a 42-Unit System
A more complex microgrid which has ten WT units, ten PV units, ten FC units, ten MT units, and an ESS is used in this subsection. It is seen as a 42-unit system. Compared with the data of the six-unit system, the parameters of the ESS, upstream grid, and load are not changed. The capacity of each WT, PV, FC, and MT is set to 0.1 of the original value. The corresponding ramp rate limits are also changed.
The variations of and profit versus processing step are shown in Fig. 14. decreases in each step and the profit also decreases until the convergence criterion is satisfied. At step four, is 0.022%. The total run time is about 8 min using a pre-specified duality gap of 0.1%.
If the multi-step method is not used for this microgrid, the system can be solved by considering aggregated uncertainties and unreliability caused by the first and the second order outage events. This means that (28) is used in the optimization. Even considering only the first two optimization periods, the process will run out of memory before reaching the end time.
The optimal spinning reserve of the multi-step method is shown in Fig. 15 . One sees that when the unreliability caused by the second and higher order outage events is considered, more reserve is scheduled. 
VIII. DISCUSSIONS OF RESULTS
In the proposed method, several assumptions and approximations are made. Their effects on the accuracy of the results are discussed below. Fig. 16 shows a study of the variation of profit versus for the six-unit system. For calculation simplicity, only the first hour is considered. The rightmost solid diamond symbol is calculated using the distribution model shown in Fig. 8 . At this diamond location, is equal to . No aggregation error exists and it represents the real true value. The negative profit is caused by the microgrid which purchases most energy from the upstream grid during the first hour.
A. Effect of Number of Intervals of the Aggregated Uncertainty Distribution (N)
One sees that the difference between every approximated value which is calculated based on different and the real true value is very small. This difference decays to zero with increasing which is related to computation complexity. There is a tradeoff between accuracy and computation complexity.
B. Effect of Rounding Increment of the Final Combined Distribution
For computation simplicity, the final combined distribution is rounded by a fixed rounding increment during optimization. Fig. 17 shows a study of the variations of profit and number of intervals versus the fixed rounding increment for the six-unit system. The leftmost circle/square symbol on each line is calculated when the final combined distribution is not rounded. One sees that when the rounding increment increases, the number of intervals decreases and the computation complexity greatly decreases. The profit is nearly unaffected by the variation of the rounding increment.
C. Effect of Probability Approximation
During the optimization process, the probability mainly affects the EENS value. The accuracy of is affected not only by the probability approximation but also by the multi-step method. and are selected to represent the effect of probability approximation. They are referred to as . The effect of probability approximation can be described by . See (34) at the bottom of the page, where and are and used during optimization. In the first step, they are calculated by (30). In other steps, they are calculated by the first and the second terms of (31). and are and calculated after optimization. They are calculated using optimization results based on COPT.
Obviously, the probability approximation is affected by unit unreliability and the number of units . To illustrate the effect of , is increased from 0.0001 to 0.01. The variation of versus in step one and step two are shown in Figs. 18 and 19 .
From Fig. 18 , one sees that the approximation error of probability increases with the increase of unit unreliability and number of units. In the first step, because the higher order terms of probabilities are directly neglected, the approximation error is considerable and nonneglectable under some circumstances.
From Fig. 19 , one sees that based on the results of step one, calculated in step two is always smaller than 0.1%. Compared with that in step one, the approximation error is greatly reduced and is accurate enough for the optimization. During the calculation of the other steps, the approximation error is always very low (smaller than 0.1%) because the probabilities are calculated based on the results of the last step.
(34) 
D. Effect of the Multi-Step Method
The accuracy of the proposed method is guaranteed by which is defined in (33). For the 42-unit system, the variations of versus the processing step under different are shown in Fig. 20 . It can be found that with the increase of unreliability, more steps are needed. When unreliability is smaller than 0.002, only two steps are used.
Because is directly determined by the proposed multi-step method, is also introduced. corresponds to the which is not captured by the proposed multi-step method: (35) where is calculated by the third term of (31) during optimization. is calculated using optimization results based on COPT.
For the 42-unit system, the variations of and versus unit unreliability at the final step are shown in Fig. 21 .
In Fig. 21 , when the unreliability is small, is small. According to the value of , a magnitude of several percents of is not captured, but the solution process has already satisfied the convergence criterion of (33). This is because is much smaller than in the total formed by and . With the increase of unreliability, increases. In order to maintain the accuracy of the results, a larger magnitude of must be captured during the optimization process. The magnitude of which is not captured decreases. This corresponds to the decreasing trend of in Fig. 21 .
IX. CONCLUSIONS
In this paper, a method for determining the SR requirement in microgrids is presented. The optimal SR requirement is determined by maximizing the profit while considering units unreliability and uncertainties caused by load and nondispatchable units. Various uncertainties are combined to an aggregated uncertainty distribution. A multi-step method is proposed. The proposed method can replace the combinatorial characteristic of outage events by an equivalent piece-wise linear characteristic. The computation efficiency is greatly improved. The results and their discussions are also presented to demonstrate the effectiveness of the proposed method.
